The cost of sugar is largely dependent on biomass feedstock price at the biorefinery gate. Among lignocellulosic feedstocks, biomass sorghum is one of the more promising near-term feedstocks for biofuel production due to its high yield of up to 27.57 ± 6.81 metric ton (t)/ha, 1-7 its natural drought tolerance, 1 and farmers' familiarity with it as a feed crop. The U.S. currently utilizes about 2.5 million ha (6.69 million acres) of land (1.7 % of the total cropland of U.S.) for sorghum production, 5 although this fraction will likely increase 1 if sorghum becomes a widely-used feedstock for cellulosic biofuel production.
To estimate direct and indirect emissions not related to land use change, we develop mass and energy balances based on best estimates for how biomass sorghum would be handled in bioenergy systems. The sorghum biomass feedstock supply logistics system encompasses nutrient replacement, harvesting, collection at the field edge, transportation to the biorefinery and outdoor storage next to the biorefinery. We consider biorefinery utilizes dry biomass sorghum feedstock of 1814.4 metric ton (t)/day (2000 dry ton/day) for all the 60 different scenarios. However, for the optimal condition, along with other optimal process conditions (S8) sorghum biomass utilization rate of 2721.5 t/day (3000 dry ton/day) is considered to take advantage of the economy of scale. The required biomass feedstock can be collected within the feedstock supply radius of <80 km if the biomass sorghum growing land is at least 2% of the total land around the biorefinery and the dry matter loss of the entire supply chain is 20 wt% or less. Additionally, the downstream processes include feedstock handling, IL pretreatment, hydrolysis and bioconversion, recovery and separation, hydrogenation, wastewater treatment, and onsite energy generation.
The detailed process models were developed in the modeling software SuperPro Designer (SPD)-V10. Fig. 2 presents a brief overview of the process model including the required process chemicals and utilities. Table S2 summarizes the major inputs to the process models developed in this study and their probability distributions. We develop an LCA model by using Python. The mass and energy balances that were calculated from the SPD were the main inputs of the LCA modeling. These data are presented in Tables S3-S8 . A hybrid lifecycle assessment approach that utilizes process-based and input-output (IO) based LCA was used to quantify the environmental impacts of all processes. We developed an input-output vector for all processes that take place in our system and followed a similar methodology as previously employed by Neupane et al. 29 to compute the GHG emissions. The previous study 29 has provided the impact vectors to determine GHG emissions, which is available for download in excel format. The upstream life-cycle inventory data were collected from widely used LCA databases [30] [31] [32] and previous 29 literature. Energy and emissions associated with buildings and process equipment were excluded in the analysis as these different jet fuel production routes considered in this study require the similar level of process equipment and facilities. On the other hand, process energy and emissions associated with the production of the required process chemicals, along with chilled water and process steam were included in the analysis and their environmental impacts were quantified. In the current LCA analysis the current US electricity mix is assumed for all the direct electricity consumption impacts. These considerations provide the total GHG emissions of each process. Electricity and process steam generated from the onsite energy generation section ( Fig. 2) are assigned as credits then the net GHG emissions is estimated. Global Warming Potential (GWP) was evaluated considering the emissions contributed by the common greenhouse gases including CO2, CH4, and N2O using the 100-year horizon GWP factors of 1, 25 and 298 for CO2, CH4, and N2O, respectively. S2. Selection of the type of probability distribution Figure S1 . Selection criteria for different probability distributions considered in this study
S3. Fuel cost savings over flight ranges
The Breguet range equation illustrated in previous studies, 35, 36 and the energy density of conventional and the selected renewable jet fuels (Table S1 ) are used to determine the fuel consumption over the flying range. We consider the lower heating values of fuels (Table S1 ). The Breguet range equation provides fuel consumption per passenger per 100 km flight distance over the flown distance. The inputs to the Breguet range equation can be obtained from a payload range diagram of an aircraft. The payload range diagram provides the maximum possible take-off mass based on the planned flight distance. The previous study 36 has illustrated the detailed methods. While the higher energy density provides fuel consumption benefits, it also increases the take-off weights of an aircraft, if fully loaded. Our model accounts for these variations. We consider Boeing 777-300ER, as an example, and determine fuel cost and GHG emissions over the range. The fuel cost is determined considering the fuel consumption over the range obtained from the Breguet range equation and an equal fuel price of $1.68/L for both conventional and renewable jet fuels. This is the projected price of conventional jet fuel in 2050, 37 which is in 2018 dollars. Based on the results of this study, we assume that the selected renewable jet fuel molecules could be produced at the same price in 2050, which require future research and development efforts. Further, we illustrate the total fuel cost savings considering a typical domestic flight (San Francisco (SFO), USA to New York (JFK), USA-2247 nm or 4162 km) and an international flight (from San Francisco (SFO), USA to London (LHR), UK-4664 nm or 8638 km). 35, 36 These are determined by estimating the fuel saving for the entire flight based on a fuel price of $1.68/L.
S4. Capital investment and operating cost
The required capital and operating costs to produce different jet fuel molecules from biomass sorghum feedstock of 1814 metric ton (t)/day (2000 dry ton/day) is shown in Figure S2 . The selected jet fuel molecules, including limonane, bisabolane, and epi-isozizaane, require the similar level of total capital investment of $12/L ($47/gal). This capital investment is 6.7 times greater than the capital investment of a typical cellulosic ethanol production facility. 12 The main reasons for this increased capital investment are 4.1 times lower total end-product yield with the similar feedstock quantity and structural compositions, as well as capital-intensive IL recovery (pervaporation 53 ) and jet fuel precursor recovery methods. The capital investment can be reduced by building a larger-scale biorefinery (utilizing the large quantity of biomass feedstock), by increasing annual operating hours (reduces the required size of process equipment), and by increasing the yield and productivity (titer) of jet fuel precursors. For instance, when the biorefinery capacity was increased from the baseline capacity of 60 million liters/year (15.8 million gallons/year) to 189 million liters/year (50 million gallons/year) by utilizing dry biomass sorghum of 2721.5 t/day (3000 tons/day) with optimal process parameters (discussed in the Optimal jet fuel selling price section), the capital investment decreased to $3.9/L ($15/gal). However, increasing feedstock intake is also likely to increase biomass transportation and logistics costs. Other jet fuel molecules (limonane via 1,8-cineole and RJ-4) require additional equipment for hydrogenation and/or oligomerization processes, but require 12% less capital investment overall. This is mainly due to 13% lower retention time (higher productivity) during bioconversion to their precursors compared to other jet fuel molecules. Generally, the direct fixed capital accounts for 59% of the total capital investment followed by 36% for indirect cost, 4.7% for working capital, and land accounts for the remaining fraction. The lignin utilization and recovery sections are the major contributors to the direct capital investment collectively responsible for 67% of the total direct fixed capital cost. Engineering pervaporation systems with cheap materials/improved designs would reduce those capital costs. Alternatively, a cheap IL (price close to sulfuric acid or ammonia) could eliminate the IL-recovery process altogether, resulting in significantly lower capital investments.
For operating costs, process chemicals, specifically enzymes and IL, are the major contributors, collectively responsible for 43% of the total operating cost followed by 33% for biomass feedstock, 8% for facility dependent, 7% for utilities, and 5% for labor. The facility-dependent cost comprises operation and maintenance cost, property tax, and insurance. The variation in operating costs among the jet fuel molecules is mainly due to different process chemicals and catalysts required for the hydrogenation and/or oligomerization process. In contrast to other jet fuel molecules, RJ-4 requires additional catalytic conversion and oligomerization processes requiring additional metal catalysts 54 such as Ru (metathesis catalyst) and AlCl3 (isomerizing catalyst) resulting in 23% higher operating costs. Figure S2 . Capital investment (a) and annual operating cost (b) of different jet fuel molecules. 'DC' refers to direct cost; 'O&M' refer to operations and maintenance costs. These results correspond to the baseline scenario, i.e., using average value of input parameters. Step by step paths to reducing the minimum selling price of renewable jet fuel blendstocks. 'BC', 'LR' and 'IL' refer to bioconversion reactor, loading rate, and ionic liquid, respectively. 'BS' and 'OP' refer to baseline and optimal values, respectively. Figure S13 . Greenhouse gas emissions associated with different renewable jet fuel molecules determined in this study for optimal future cases (S9). The horizontal dashed line (-----) refers to the GHG emissions from conventional jet fuel of 89 gCO2e/MJ. In this figure, the results from this study are compared with the results summarized in the previous review conducted by NREL. While the uncertainty bars in this study refers to the variation in the net GHG emissions due to the variability presents in the GHG emissions from land use changes, the higher-and lower-end uncertainties from the NREL study refers to the variability due to different feedstocks/conversion pathways. For the ethanol/butanol to jet fuel pathway, the higher-and lower-end uncertainties represent GHG emissions of n-butanol and ethanol, respectively. For the bio-oil to jet fuel pathway, represent GHG emissions of rapeseed and palm oils, respectively. Additionally, for the GHG emissions of bio-oil to jet fuel and syngas to jet fuel pathways, land use changes are not considered. Moreover, syngas to jet fuel pathways, switchgrass was selected as the feedstock; soil carbon sequestration was not considered. However, this study accounted for soil carbon sequestration of biomass sorghum feedstock and GHG emissions from land use changes. 
S11. Comparison of greenhouse gas emissions from previous study

